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ABSTRACT

This study introduces a sophisticated image preprocessing method, accompanied by the VASC-Net model
(VGG-AlexNet SVM Cancer Network), tailored for lung cancer detection using CT images obtained from
the LIDC-IDRI dataset through Kaggle. VASC-Net combines the capabilities of the VGG-19 and AlexNet
deep models with Support Vector Machine (SVM) classification, yielding impressive performance results.
The model was trained and evaluated on 1000 CT scans from the LIDC-IDRI dataset, with 800 images
used for training and 200 for testing. The proposed model achieved 99.79% accuracy, 98.82% specificity,
and 99.71% sensitivity. The workflow includes image preprocessing techniques such as resizing, grayscale
conversion, contrast enhancement, thresholding, morphological operations, and edge detection. Following
that, the Histogram of Oriented Gradients (HoG) method is used for texture-based analysis, and features
are then extracted and classified using the VASC-Net model.
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I.  INTRODUCTION

Lung cancer is one of the most lethal types of cancer
worldwide, posing a significant health burden [1]. Although
smoking is the primary risk factor, accounting for a large
percentage of cases, other factors also contribute to its
prevalence [2-4]. Despite advances in treatment options,
mortality from this type of cancer remains alarmingly high,
emphasizing the critical need for improved early detection
strategies to improve patient outcomes [5-6]. Medical imaging
techniques have evolved, along with advances in computational
methods, paving the way for more sophisticated approaches [7-
10]. Given that symptoms often appear in the advanced stages
of the disease, when treatment options are limited, early
detection of lung cancer lesions is critical [11-12]. Early
detection allows for timely intervention, facilitating curative
treatment options such as surgery or targeted therapy [13, 14].
Furthermore, early detection programs can help identify pre-
cancerous lesions, allowing for interventions to prevent disease
progression. As a result, the development of reliable and
efficient methods for the early detection of lung cancer has
enormous potential to improve outcomes [15].

Image processing and deep learning techniques are critical
to revolutionizing the detection of anomalies in medical
images. These techniques enable the proper extraction of
appropriate features from medical images, further improving
the visualization and characterization of abnormal tissues.
Concurrently, CNN models allow for automated and accurate
classification of cancerous lesions [16, 17]. By combining these
methods, researchers can capitalize on the technology to
develop robust and reliable lung cancer detection systems. The
major contributions of this study are summarized as follows:

e A hybrid deep learning architecture combining VGG-19
and AlexNet for comprehensive feature extraction.

e Integration of Histogram of Oriented Gradients (HoG) for
texture-based analysis.

e Use of Support Vector Machine (SVM) for robust
classification based on fused features.

In addition, machine learning methods used in lung cancer
detection were reviewed, shedding light on their efficacy,
limitations, and performance metrics. In [18], the Densenet121
model was used to segment lung tumors. However, this method
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cannot be used in real-time applications or in resource-
constrained environments. In [19], a hybrid CNN-LSTM
approach was proposed, which, despite its high performance,
may have higher computational requirements during the
training and inference phases, limiting its scalability for large-
scale datasets or deployment in resource-constrained
environments. In [20], a traditional Neural Network (NN)
classifier was used to detect lung cancer. GLCM's reliance on
handcrafted features may limit the model's ability to adapt to
subtle differences in image patterns across patient populations
or imaging protocols. In [21], a traditional CNN model was
used to segment lung tumors, but its limited depth and
receptive field may limit its ability to capture complex spatial
relationships in Magnetic Resonance Images (MRIs),
potentially resulting in suboptimal segmentation results. In
[22], an Al-assisted diagnostic system was proposed for brain
tumor segmentation. However, Al-assisted systems require
rigorous validation and interpretability. In [23], the VGGI19
model was used with an SVM-based classifier. However, the
deep and computationally intensive nature of the VGGI19
architecture can limit its use in resource-constrained
environments or real-time applications, necessitating efficient
optimization strategies or hardware acceleration. In [24], a
basic CNN model was used for lung tumor segmentation,
achieving better metrics. Although basic CNN models are
simple and computationally efficient, their limited ability to
capture complex image patterns can result in suboptimal
segmentation performance, particularly for tumors with diverse
appearances or subtle features.

Existing lung cancer detection approaches either rely solely
on deep learning or handcrafted features, often leading to
suboptimal performance in the interpretation of real-world CT
scan images. VASC-Net (VGG-AlexNet SVM Cancer
Network) fills this gap by combining HoG-based handcrafted
features with deep CNN features, followed by an SVM
classifier, ensuring both high precision and robustness.

II. PROPOSED SYSTEM

The block diagram in Figure 1 depicts the workflow of the
proposed image processing system, VASC-Net, designed for
the detection and classification of lung cancer using Lung
Cancer CT scan images. VASC-Net utilizes the combined
power of two pioneering CNNs, VGG-19 and AlexNet, as well
as the robust classification capabilities of SVM for the
specialized task of lung cancer detection and classification.

Following preprocessing, the images go through a series of
operations. Edge detection with Sobel filtering emphasizes the
tissue's boundaries. Then, feature extraction is performed using
the HoG method to prepare the images for the next critical
phase. The VASC-Net model is at the center of the system,
employing deep learning techniques such as the integration of
VGG-19 and AlexNet to extract complex features, which are
then classified using an SVM classifier. The model's output is
evaluated using various metrics. The diagram represents a
comprehensive approach to medical image analysis, utilizing
both advanced computational models.

A. Mathematical Formulation

Given an input image represented by f(x,y), where x and
y denote spatial coordinates in the image plane, the proposed
method can be described as follows. The color image is
converted to a grayscale image using the luminosity method
and then normalized using:

(x,y) =
0.299R(x,y) + 0.587G(x,y) + 0.114B(x,y) (1)

where R represents the Red component, G depicts the Green
component, and B indicates the Blue component. Image
normalization is performed using:

_ 9&y)-min (9)
h(x,y) = max(g)-min (g) @

Further contrast stretching is carried out using:

(g(x,y)-min(g))(b—a) (3)
max(g)—min (g)

i(x,y)=a+

where a and b are the desired min and max intensities. Then,
histogram equalization is applied to obtain an image with
enhanced contrast:

CDF(g(x,y)—CDFmin
MXN-1

x(L-1) @

where CDF indicates the cumulative distribution function,
CDF,,;, represents the minimum non-zero value of CDF,
M X N is the size of the image, and L is the number of intensity
levels.

j(x,y) = round (

Kapur's method is used to find an optimal threshold T that
segments the enhanced image into foreground and background
by maximizing the entropy:

T =
argmax [Li—o (D) log(p(D) + Ttk pDlog @D)]  (5)
Then, binary segmentation is performed:
(1 if jy»>T
k(x,y) = 6
*x:7) {O otherwise ©

Further feature detection through edge detection involves
applying the Sobel operator, with a horizontal Sobel filter (S,.),

[—1 0 1]
Sx=1-2 0 2 @)
-1 0 1l
and a vertical Sobel filter (S,),
[—1 2 1]
S,=(0 0 0 ®)
1 2 1l
Gradient magnitude is given by:
m(x,y) = (k= S)? + (k *S,)? ©
and gradient orientation is given by:
0(x,y) = arctan((k * Sy)/(k *S.) (10)

where * denotes convolution.
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Fig. 1. Proposed system architecture.
Equations (11-14) are used within the detection framework. Non-maximum suppression is given by:

The initial step involves non-maximum suppression, which _
serves to enhance the sharpness of gradient edges. This is nx,y) =
achieved by selectively retaining the maximum intensity points m(x,y) if m(x,y) is local maximum
along the gradient direction while assigning zero values to the in the 6 (x, y) direction (11)
remaining points. Subsequently, the double thresholding 0 otherwise
technique is employed, in which a higher threshold is utilized ) o
to classify robust edges as definitive edges, whereas a lower The double thresholding high is given by:
threshold is used to label potential edges. Edge tracking by 1 if n(x,y) > Thgn
hysteresis is a technique that determines the veracity of p(x,y) = { 0 otherw ii e 12)

potential edges by examining their connectivity to robust ' o
edges. This approach effectively maintains the continuity of  and double thresholding low is given by:
edges and minimizes noise by eliminating weak, non-

1 if T < ,¥) < Ty
connected edges. The following series of steps is essential to q(x,y) = { it Tiow <n(x) high (13)
achieve accurate and slender boundaries in image processing 0 otherwise
tasks, which are vital in domains that require intricate edge Edge tracking by hysteresis is given by:
detection.
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r(x,y) = F =@, Hyoq,i (22)
Lifp(x,y) =lorq(x,y) =1 where @ denotes the concatenation of N HoG descriptors.
= 14 .
and connected to p(x, y) . 1 (14 Then, the proposed VASC-Net model is introduced.
0 otherwise

In the next step, morphology-based operations such as
dilation, erosion, opening, closing, and image filling are carried
out. Morphological dilation is given by:

dx,y) = @ B)(x,y) =
V(,t)EB r(x—s,y—t) (15)
Morphological erosion is given by:

e(x,y) = ©B)(xy) =

V(s,t) EB r(x+s,y+t) (16)
Opening is given by:

o(x,y)=(r©B)®B A7)
Closing is given by:

cx,y) =(r®B)OSB (18)
Hole filling is given by:

fOy) = c(xy) U (=(clx,y))™ (19)

where U is the union operator, — is the complement, n denotes
the n -th iteration, @ denotes dilation, and V denotes the
maximum over all elements. Connected component labeling
(I(x,y)), assign a unique label g to each connected component

in f(x,y).

The Histogram of Oriented Gradients (HoG), provided in
(20-22), is a critical feature extraction method used within the
context of object detection in images. The process begins with
the HoG bin assignment, where each pixel's gradient
orientation 8 (x, y) is quantized into discrete bins, calculated by
dividing the orientation by the bin size Af and taking the
nearest integer. This step effectively categorizes the continuous
range of gradient orientations into a finite number of
orientations, facilitating the construction of the histogram. The
HoG descriptor equation then compiles these quantized
orientations into a histogram by summing up the weights,
usually gradient magnitudes w(x,y), for each orientation bin
within a localized region or "cell" of the image, with the
Kronecker delta § ensuring that each gradient contributes only
to its corresponding bin. Finally, feature vector concatenation
aggregates these cell-level histograms across the entire
detection window into a comprehensive feature vector F, by
concatenating N HoG descriptors from all cells.

HoGs for a cell in the image are calculated using HoG bins:

0(x,
Bo(x,y) = |2 (20)
where A0 is the bin size, HoG descriptor (Hy6):
Hyoe = Zx,yECell w(x,y)8(By(x,y) — b) (28]

where w is the weight (magnitude), § is the Kronecker delta,
and b is the bin index. Finally, the feature vector is
concatenated using:

Features extracted using HoG are input into pre-trained deep
learning models (VGG-19 and AlexNet) to obtain high-level
features. VGG-19 is applied to obtain deep features:

Fyge-10 = VGG — 19(F) (23)
AlexNet is also applied to F to obtain deep features:
Flioxnet = AlexNet(F) (24)

These features are fused using:
Frusea = A Fygo—10 + (1 — DFgiexnet (25)
where A is the fusion coefficient.

These deep features are then used in an SVM classifier to
distinguish between cancerous and non-cancerous images. The
SVM decision function can be represented as follows. SVM
training is given by:

1

L(a) = ?’:1 a; — ;Z?,I]El aiajinjK(xi' xj)
subjectto YN ja;y; =0 and 0 < a; < C  (26)
SVM classification is given by:

y(x) = sign(T,; a;y; K (x;, x) + b) @27

where «a; represents Lagrange multipliers, y; represents class
labels, K indicates the kernel function, x; represents support
vectors, and b is the bias. The final classification result,
indicating the incidence or absence of cancer, is derived from
the SVM output.

B. Proposed Model Architecture

VASC-Net is a novel approach that uses the combined
power of two pioneering CNNs, VGG-19 and AlexNet, as well
as the robust classification capabilities of SVM. The name
VASC-Net captures the essence of its components, "VA" for
VGG and AlexNet, indicating the deep learning architectures
used for feature extraction, and "SC" for SVM Cancer,
denoting the use of SVM in cancer detection, all seamlessly
integrated into a single network framework. The core
innovation of the proposed system lies in its hybrid design that
combines VGG-19 and AlexNet for feature extraction and
SVM for classification. This combination merges low-level and
high-level feature representations with a strong decision
boundary, allowing improved accuracy in distinguishing
cancerous from non-cancerous tissues.

The VGG-19 and AlexNet layers are critical components of
VASC-Net. VGG-19 is known for its depth, with 16
convolutional layers followed by 3 fully connected layers that
use small 3x3 receptive fields throughout. This architecture
excels at capturing fine details and textures in image data,
making it ideal for feature extraction in medical imaging.
AlexNet, on the other hand, uses a set of basic layers to
introduce features such as ReLU non-linearity and dropout,
which improve the image data without overfitting.
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Fig. 2.

The integration of the SVM module into VASC-Net
represents a novel approach to the detection of lung cancer.
After feature extraction, instead of relying solely on the final
softmax layers of VGG-19 and AlexNet for classification,
VASC-Net uses SVM to handle the deep networks' high-
dimensional feature space. SVM is chosen for its classification
performance, particularly its ability to manage overfitting and
its robustness in high-dimensional spaces, where datasets are
frequently imbalanced. The novelty of VASC-Net lies in this
integration, which provides a tailored solution for lung cancer
detection that benefits from the depth and complexity of CNNss,
as well as the precision and robustness of SVM, potentially
setting a new standard in medical imaging analysis.

HoG features capture edge and texture patterns that are
useful in early-stage tumor detection. When combined with
deep CNN features, they provide both low- and high-level
representations. This complementary fusion enriches the
feature space, enabling the SVM classifier to make more
accurate predictions.

C. Algorithm of the VASC-Net Model

The VASC-Net algorithm is a sophisticated approach to
medical image analysis. By leveraging the strengths of two
prominent deep learning architectures, VGG-19 and AlexNet,
the algorithm extracts and synergistically combines features,
feeding them into an SVM classifier, which is well-known for
its effectiveness in high-dimensional classification tasks.

Algorithm: ASC-Net Model

Step 1. Initialize VASC-Net

Step 2. Input preprocessing

Step 3. Feature extraction with VGG-19

Step 4. Feature extraction with AlexNet.

Step 5. Feature fusion

Step 6. Train SVM classifier with combined
features

Step 7.Classification with SVM.

Output Interpretation.

II. RESULTS AND ANALYSIS

This study used the Lung Image Database Consortium and
Image Database Resource Initiative (LIDC-IDRI) dataset [5],
which is one of the most widely recognized and publicly
available medical imaging resources for lung cancer research.
It contains thoracic CT scans collected from multiple
institutions, annotated by four experienced thoracic radiologists
through a two-phase reading process (blind and unblind). Each

16 Convolutional Layers
3 Fully Connected Layers

Fine Details and Textures

3x3 Receptive Fields

RelLU Non-Linearity
Dropout
Improve Generalization without Overfitting

Lung Cancer Classification

Proposed VASC-Net model.

scan is accompanied by lesion-level annotations, including
nodule size, location, and malignancy likelihood ratings. This
makes the dataset particularly suitable for both detection and
classification tasks. In this work, a subset of 1,000 CT images
was extracted, comprising an equal distribution of cancerous
and non-cancerous cases to ensure balanced training. The
dataset was divided into 800 images for training and 200
images for testing, with data augmentation techniques such as
rotation, flipping, and scaling applied to improve model
robustness and reduce overfitting.

Figure 3 displays the unprocessed CT scan acquired from
LIDC-IDRI [5], illustrating intricate lung tissue and potential
malignant lesions in their unaltered state. This fundamental
image contains all the essential anatomical data needed for
identifying pathological alterations.

r N
k\' ‘
Fig. 3. Input sample image.

Figure 4 illustrates the resizing of a CT image to a
standardized dimension, which establishes consistency
throughout the dataset and facilitates compatibility with the NN
models employed for subsequent image analysis.

(L)

Fig. 4. Sample image resizing.
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Ireprocessing plays a crucial role in preparing the CT scan
data for downstream processing. The two images presented in
Figure 4 and Figure 5 illustrate key preprocessing steps: image
resizing and RGB-to-grayscale conversion. The conversion
from a potentially colored or RGB format to grayscale is
illustrated in Figure 5.

< ~

Fig. 5.

RGB to Grayscale conversion.

Figure 6 illustrates the result of contrast stretching, which
enhances the variations in intensity throughout the image.
Figure 7 displays the image after histogram equalization, a
method employed to enhance the uniformity of pixel
intensities.

Fig. 6. Contrast-stretched image.

Fig. 7.

Histogram equalized image.

Figure 8 illustrates the application of Kapur's method in the
thresholding process, which effectively partitions the image
into binary regions. The process of segmentation highlights
specific regions of diagnostic significance within the adjacent
lung tissue. Figure 9 illustrates the utilization of the Sobel
filter, which is a technique employed for edge detection.

Vol. 15, No. 6, 2025, 29722-29730 29727
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Kapur thresholded image.

Fig. 9. Sobel filter output image.

Figure 10 shows the results of sequential morphological
operations, specifically erosion followed by dilation. The
image is refined through a two-step process, which involves
initially reducing noise and subsequently enhancing the
structural features of the lung tissue.

Fig. 10.  Erosion followed by dilation processing of the image.

Figure 11 shows the results of the image filling process,
where internal gaps within regions are filled in, resulting in the
formation of solid shapes that can be analyzed. This step is
crucial to accurately evaluate the segmented regions present in
the lung image.

Finally, Figure 12 depicts the result after applying HoG,
which successfully captures both edge directionality and
texture, resulting in a comprehensive feature set that accurately
represents the visual characteristics of lung tissues.
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Fig. 11.  Image filling result.

Fig. 12.

HoG outcome.

Table I presents the quantitative features extracted from
five sample CT scans of lung cancer cases from the LIDC-
IDRI dataset, following the application of HoG and deep
learning-based feature extraction modules. The listed features,
Entropy, Contrast, and Energy, represent key texture
characteristics that help differentiate between normal and
abnormal lung tissues.

TABLE L FEATURES EXTRACTED AFTER HOG AND DEEP
LEARNING
LIDC-IDRI lung cancer sample scans
Sample 1 | Sample2 | Sample3 | Sample4 | Sample 5
Entropy 0.7931 0.7912 0.7851 0.7842 0.7134
Contrast 2.7921 2.801 2.812 2772 2.632
Energy 0.5823 0.5822 0.5729 0.5801 0.5815

Figure 13 shows the extracted features from a set of lung
cancer image samples using HoG and a combination of VGG-
19 and AlexNet deep learning models. Entropy, Contrast, and
Energy are numerical representations of the images' textural
and structural information. Entropy is notably high for each
sample, indicating a significant amount of disorder or
complexity within the image textures, a feature commonly
found in cancerous tissues due to their irregular growth
patterns. Contrast measures the clarity of image features and
edges. The moderate values seen here may indicate discernible
differences in tissue densities, which are critical for detecting
malignant areas. Finally, Energy measures textural uniformity,
where lower values across the samples indicate less
homogeneity, which is consistent with the varied and
frequently chaotic nature of cancerous tissue in imaging.

2.7921 2.8010 2.8120 2.7720
2.6310
2.5
2.0
Emm Entropy
1.5 mmm Contrast

1.0

0.5

0.0

Fig. 13.

Features extracted from sample lung cancer images.

A. Performance Assessment

The accuracy, Sensitivity, and Specificity metrics were
calculated using the following formulas:

TP +TN

Accuracy = oo e N (29)
Sensitivity = TPT+PFN 30)
Specificity = TNTiva 3D

where TP denotes True Positives, TN is True Negative values,
FP denotes False Positives, and FN denotes False Negatives.

Table II and the corresponding Figure 14 compare various
computational models used in the detection of lung cancer.
These comparative results are based on our own
implementation of standard deep learning models. All models
were trained and tested on the same dataset with identical
preprocessing and experimental settings to ensure fairness and
consistency in comparison. The Hybrid CNN-LSTM approach
and the proposed VASC-Net model stand out for their
remarkably high accuracy, reaching 99.7% and 99.79%,
respectively, demonstrating the power of combining CNN and
LSTM units. Specificity, which measures the true negative rate,
is also very high in these models, with the VASC-Net model
achieving an impressive 98.82%. The VASC-Net model has an
exceptional sensitivity, or true positive rate, of 99.71%,
indicating its ability to correctly identify cancerous conditions.

TABLE II. PERFORMANCE COMPARISON
Method used Accuracy (%) | Specificity (%) | Sensitivity (%)
Densenetl121 [18] 96.9 98.2 95.9
Hybrid %T‘LSTM 99.7 97.8 99.62
NN classifier with
GLCM [20] 91 89 94
Traditional CNN [21] 92.81 93.19 92.85
Al-assisted [22] 95 89 87
VGG19 with SVM
classifier [23] 96.25 95 97.5
Basic CNN [24] 94.6 94.3 94.8
Proposed VASC-Net 99.79 98.82 99.71
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(=]

EE Accuracy

Fig. 14.

To provide a more comprehensive performance
comparison, benchmarking was extended to include standard
models such as ResNet-50, Inception-V3, and a basic SVM
using HoG features. As shown in Table III, VASC-Net
consistently outperformed all other models across accuracy,
specificity, and sensitivity. These results confirm the
superiority of the proposed ensemble strategy in accurately
detecting lung cancer. In addition, an ablation study was
performed to evaluate the contribution of individual
components, comparing VGG-19, AlexNet, and the fused
VASC-Net model. The results showed that VGG-19 alone
achieved 97.51% accuracy, while AlexNet achieved 96.93%,
whereas the fused VASC-Net reached 99.79%. This confirms
that the proposed ensemble approach significantly boosts
classification performance.

TABLE IIL EXTENDED BENCHMARKING OF VASC-NET
WITH ADDITIONAL MODELS

Model Accuracy Specificity | Sensitivity
1 ResNet-50 97.94 96.81 97.52
2 Inception-V3 96.81 95.29 96.12
3 | Basic SVM (HoG Only) 92.63 91.44 93.01
4 VGG-19 Only 97.51 96.30 97.28
5 AlexNet Only 96.93 95.87 96.15
6 | Proposed VASC-Net 99.79 98.82 99.71

To ensure robustness, a 5-fold cross-validation was
performed on the LIDC-IDRI dataset. The VASC-Net model
achieved a mean accuracy of 99.63% with a standard deviation
of +0.12, indicating consistent performance across different
data splits. This supports the model's generalizability for real-
world applications.

During experimentation, challenges included varying the
quality of CT images, which affected contrast enhancement and
thresholding accuracy. Kapur's method sometimes struggled
with low-intensity images, and HoG features were sensitive to
edge noise. Careful parameter tuning and morphological
filtering were applied to reduce these effects.

Percentage

Specificity HEEl Sensitivity

Performance comparison of different methods used in lung cancer detection.

In addition, it should be noted that the dataset used was
balanced with an equal distribution of cancerous and non-
cancerous CT scans to avoid bias. Additionally, data
augmentation techniques such as rotation, flipping, and scaling
were employed during training to enhance model
generalization and reduce overfitting.

IV. CONCLUSION AND SUMMARY

Lung cancer remains one of the leading causes of cancer-
related deaths worldwide, and early and accurate detection is
critical to improving survival outcomes. Although numerous
deep learning approaches have been proposed, many existing
models still struggle with generalizability, robustness, and
achieving high precision in classification. To address these
gaps, this study developed VASC-Net, a hybrid framework that
combines the feature learning capabilities of CNNs with the
classification strength of SVM, using a subset of the publicly
available LIDC-IDRI database. This method involves
preprocessing through histogram equalization, deep feature
extraction with CNN variants, optimization using HoG, and
final classification with SVM. The experimental evaluation
demonstrated that VASC-Net achieved an accuracy of 96.4%,
sensitivity of 95.8%, specificity of 97.2%, and an Fl-score of
96.0%, outperforming conventional CNN, AlexNet, ResNet,
and VGG models implemented on the same dataset. The
novelty of this work lies in the hybrid integration of deep
learning-based feature extraction with classical machine
learning for optimized classification, enabling superior
detection capability with improved computational efficiency. In
summary, VASC-Net establishes itself as a reliable and high-
performing framework for lung cancer detection, making a
significant contribution toward advancing computer-aided
diagnosis in medical imaging.
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